Correlation coefficients between pairs of re gional metabolic rates have been used to study patterns of functional associations among brain regions in humans and animals. An overview is provided concerning the ad ditional information about brain functioning this type of analysis yields. A computer simulation model is pre sented for the purpose of giving a partial validation for correlational analysis. The model generates a set of sim ulated metabolic data upon which correlational analysis is performed. Because the underlying pattern of functional Abbreviations used: OAT, dementia of the Alzheimer type;
Positron emission tomography (PET) can be used to address a variety of questions, ranging from the purely clinical to the purely scientific. The set of questions discussed here concerns functional inter actions among defined brain structures, how these differ in a group of subjects under altered experi mental conditions, and how they differ between patient groups and controls.
Much effort in neuroscience has gone into deter mining the anatomical links between different parts of the nervous system. For example, extensive studies on the connections among brain regions in volved in the processing of visual information have generated a picture of a hierarchically arranged set of parallel pathways (Weller and Kaas, 1981; Van Essen, 1985; Desimone and Ungerleider, 1989) . Physiological investigations have suggested that the parallel pathways subserve different functions.
Within neocortex, for example, object recognition is thought to be mediated by a pathway beginning in the striate cortex in the occipital lobe and extending into visual areas of the temporal lobe, whereas pro cessing of visual information about spatial localiza tion is carried out by a set of visual regions starting in the occipital cortex and continuing into the pos terior parietal lobe (Desimone and U ngerleider, 1989) .
One way to determine regional functional activa tion of the brain is by using PET to measure either regional CBF (rCBF) or regional cerebral metabo lism, since changes in these quantities have been correlated with changes in functional activation (Sokoloff, 1981; Mazziotta and Phelps, 1985; Reiv ich and Gur, 1985) . For example, a recent PET study has delineated the two visual processing path ways discussed above (Haxby et aI., 1988; Haxby et aI., 1991; Grady et aI., 1989) . In this investigation, a facial recognition task resulted in enhanced blood flow in occipitotemporal areas, whereas a dot local ization task activated superior parietal structures. baseline condition) suggests functional involvement of that region under the conditions being examined, lack of a change in functional activation does not preclude regional involvement. For example, in the two visual processing tasks mentioned above, rCBF in striate cortex did not differ between tasks, al though it obviously participates in both tasks. What had changed was the relationship between activa tion in striate cortex and activation in other cortical regions.
Some kind of covariance analysis must be em ployed to investigate changes in functional relation ships between brain structures. Such analyses have been performed using multiunit microelectrode obtained electrical data (Gerstein, 1970 (Gerstein, , 1988 Tanaka, 1983; Ts'o et a\., 1986; Ts'o and Gilbert, 1988) , scalp-recorded electrical activity (Gevins et a\., 1985 (Gevins et a\., , 1987 , and cerebral metabolic measures of functional activity (Clark et a\. , 1984; Horwitz et a\., 1984 Horwitz et a\., , 1986 Metter et a\. , 1984a,b) . In each of these approaches, the primary assumption is that neural units that function together have activity that is correlated. Turning this idea around and applying it to experimental data, the inference is made that a large change in the correlation coefficient between two neural structures for two conditions indicates that there has been an alteration in the functional interaction between the two structures from one condition to the next. This approach also can be used to assess differences in functional associations between pathological subjects and controls under the same conditions.
The correlation method has been employed by our laboratory on data obtained by measuring rest ing regional CMR g lc (rCMR g lc) using PET and e S F]fluorodeoxyglucose. We have examined differ ences in correlation matrices between healthy young and elderly men (Horwitz et aI. , 1986) , pa tients with dementia of the Alzheimer type (DAT) and controls (Horwitz et aI., 1987) , autistic subjects and controls (Horwitz et aI. , 1988) , and young adult Down syndrome (DS) subjects and controls (Hor witz et a\., 1990) . For example, in comparing pa tients with DAT with healthy age-matched controls, Horwitz et al. (1987) found that the correlation ma trix for the DAT group had fewer large correlations between regions in the frontal lobe with those in the parietal lobe than did the control group's matrix. This result is consistent with neuropathological findings (Pearson et aI. , 1985; Rogers and Morrison, 1985) that indicate a loss of corticocortical fibers between frontal and parietal regions in DAT. We (Rapoport et aI., 1987) have proposed that these correlation results, along with the neuropathologi cal findings, suggest a breakdown in functional communication between these regions in DAT. In the DS study, it was found that correlations of nor malized metabolic rates between an inferior frontal region (which probably includes Broca's area) and other frontal and parietal regions were markedly re duced in value in the DS subjects compared with controls. One such relation is illustrated in Fig. 1 , which shows that in normals this correlation is large and positive (r = 0.53), whereas in the DS group it is large and negative (r = -0.71). The apparent alteration in the functional association between Broca's area and other cortical regions is intriguing in view of the fact that DS subjects seem to show relatively greater language impairment compared with other neuropsychological dysfunctions (Hart ley, 1982; Haxby, 1989) .
THEORY
The correlational method is difficult to validate because the cerebral functional relationships that the correlation approach is attempting to discover are unknown. To provide a partial validation for the correlation method, as applied to cerebral meta bolic and blood flow data, a simulation model was devised (Horwitz, 1990) . The model generates sim ulated metabolic data for a number of "brain" re gions of interest (ROIs) in a specified number of subjects. Each ROI has activity that is a function of activity in some or all of the other ROls. Correla tional analysis then is performed on the simulated data, allowing one to relate patterns of correlations to patterns of functional couplings. An important feature of the model is the use of random numbers to generate the kinds of variability seen in measured metabolic data.
Plot of reference ratios for the left inferior frontal gyrus versus the paracentral region for Down syndrome (DS) subjects (D) and controls (.). The regression lines through the points have slopes -1.07 and + 1.02 and correlation co efficients -0.71 and 0.53, respectively. (From Horwitz et aI., 1990) .
Graph of metabolism or blood flow in a region of interest as a function of the activity inherent to the region of interest (parameter A of Eq. 1). The graph shown corre sponds to the case where all functional couplings are zero.
Regional metabolism or blood flow in the model is represented by a sigmoidal function ( Fig. 2) :
where MY) is the activity (rCMR or rCBF) in ROI i of subject j. The ROI index goes from I to n (num ber of ROls), the subject index from 1 to N (number of subjects). The maximum value MY) can have is BY), whereas the minimum value is B/j)/(l + KY». The parameter CkY) is called the functional coupling constant between ROls k and i (of subjectj); it de termines how metabolic activity in ROI k affects metabolic activity in ROI i. Note that in general CkY) ¥ Cik r.J). The parameter AY' determines the activity inherent to region i of subject j (i.e., the metabolic rate when all functional coupling constants are zero). The inherent metabolic rate can represent ac tivity local to ROI i and, as well, metabolic activity in ROI i due to activity in regions not explicitly in the model. In principle, Eq. 1 represents n simulta neous nonlinear equations for each subject.
To generate within-subject and between-subject variabilities in metabolic rates corresponding to ex perimental data, the parameters AY' and BY' in Eq.
1 are assumed to have factors that vary randomly. The functional dependence between ROls is varied from subject to subject by assuming that the func tional coupling constant is the sum of a subject independent term and a term that varies randomly from subject to subject. Metabolic rates that emu late those obtained experimentally (e.g., such as rCMR g Jc values from the ECAT II PET scanner) are 1991 obtained by choosing appropriately the means and SD of the random number distributions, along with the other parameters in the model (see Horwitz, 1990 , for details).
To perform a simulation, parameters are speci fied for each ROI, and the means and SDs of the random number generators are set. The simulation then produces a set of regional metabolic rates M/.J' for the n ROls in each of N subjects. It is shown (Horwitz, 1990) how the means and SD of the ran dom number generators can be chosen so that the simulated data emulate a specific set of experimen tal data (e.g. , PET data from an ECAT II scanner; rat deoxyglucose data).
Once the simulated metabolic values are gener ated, Pearson correlation coefficients can be calcu lated between normalized values of metabolic rates for every ROI pair. For ECAT-simulated data, the normalized value used (called a reference ratio) is
n C(i) is the within-subject mean metabolic rate, de fined as the arithmetic average metabolic rate over all the ROls for a given subject. Correlations are performed on reference ratios rather than on unnor malized regional values, because intraindividual dif ferences in rCMR g lc as obtained with the ECAT II scanner usually are smaller than interindividual dif ferences (Horwitz et aI., 1984; Ford, 1986; , and past correlation studies of experimental data (e.g. , Horwitz et aI. , 1988) em ployed reference ratios.
RESULTS AND DISCUSSION
In the remainder of this article, I shall highlight several important results found using the simulation model. More details about these and other results can be found in Horwitz (1990) .
Simulated values for rCMR g Jc were generated that emulate values obtained from PET scans done as part of the Laboratory of Neurosciences' exam ination of aging in healthy humans (Duara et aI., 1984; Schlageter et aI., 1987) . We used data from 24 young healthy subjects (22 men, 2 women) aged 20-35 years. These subjects were scanned in a resting state (eyes covered, ears plugged) with an ECAT II scanner (full width at half-maximum = 1.7 cm in the image and axial planes) following the injection of 3-5 mCi of [ 18 F]fluorodeoxyglucose. The opera tional equation and constants of Huang et al. (1980) were used to measure rCMR g Jc (mg/IOO g/min) in 59 ROls. As a measure of global metabolism, the arith metic average of gray matter glucose metabolism in the 59 ROls also was determined.
For computational convenience, 20 ROIs were used in the simulations. To obtain the model param eters, all functional coupling constants were taken to be zero. Table 1 compares simulated with ECAT derived values of rCMR g l c. A VROli denotes the mean of the ith regional value averaged across all the subjects, and A VSUB v) denotes the mean met abolic rate in the jth subject averaged across all the ROIs (i. e. , global gray matter glucose metabolism):
The global mean GM is the average of either AVROIi or A VSUB v) . Table 1 demonstrates that the simulated and experimental values have similar distributions. Figure 3 illustrates how the correlation coeffi cient between the reference ratios M/ J) /G V) and M2 v) /G v) changed as the coupling constant Cl2 was varied. In Fig. 3A , no variability in the functional coupling across subjects was assumed. The refer ence ratio correlation coefficient is, as expected, proportional to CI2 and asymptotically approaches + I( -1) as Cl2 becomes large and positive (nega- coupling constant between the two ROls. For this case, the parameters used were those corresponding to ECAT data (Table 1) . There was no variability in the coupling constant strength across subjects (Le., 912 = 0). Number of subjects (N) was 20. B: Simulated reference ratio correlation between ROls 1 and 2 as a function of the coupling constant variability parameter 912' The subject-independent part of the func tional coupling constant had value 0.5. ECAT parameter set was used; number of subjects was 20.
tive)_ If the variability in the strength of the cou pling constant across subjects is factored into the model (the parameter gl2 is a measure of this vari ability), the reference ratio correlation is reduced (Fig. 3B) . These results demonstrate that changes in correlations between reference ratios can be used to assess changes in functional couplings between brain ROls in experimental data. The simulation model also was used to explore various relations between patterns of functional couplings and corresponding patterns of correlation coefficients_ Figure 4 shows an example of an indi rect interaction. ROI 1 is functionally coupled to ROIs 2 and 3 with coupling constant c. Even though there is no direct coupling between ROls 2 and 3, the correlation between 2 and 3 can increase as the absolute value of c increases. The fact that nonanatomically connected ROIs can have a large correlation led us (Horwitz, 1990) to propose definitions that would distinguish be tween direct and indirect functional relations. If two brain regions are anatomically linked and, in a spe cific experimental condition, activity in one is asso ciated with activity in the second (i.e., CI2 ¥ 0), the two regions are defined to be functionally coupled; the correlation coefficient between the two may have a large value. However, if the correlation co efficient between activity in two regions has a large value and the regions are not anatomically linked, the two are defined to be functionally associated and C12 is taken to be O. For example, we would say that the retina and the lateral geniculate nucleus can be functionally coupled (because they are anatom ically coupled), but the superior colliculus and the lateral geniculate nucleus (which have no large scale, direct connections with one another) can be functionally associated.
Because functional relations in the brain are un known for most conditions, it was not clear that correlational analysis of metabolic data added any information not available from a traditional region by-region analysis (Horwitz et al. , 1985; Kennedy, 1985; Clark and Stoessl, 1986) . Because the under lying functional arrangements are known in a sim ulation model, this issue can be addressed. Figure 5 shows the functional circuits corresponding to two conditions. In the first, the activation from ROIs 1 to 4 proceeds via ROI 2, whereas in the second, it proceeds via ROI 5. Table 2 shows mean rCMR g lc for the two conditions, and Table 3 wise reference ratio correlations for the two (data for 20 subjects was generated for each simulation). The traditional region-by-region analysis of Table 2 indicates that the differences in the functional anat omy between the two conditions were expressed only in ROls 2 and 5, whereas the correlational analysis of Table 3 suggests that understanding the differences in functional anatomy between the two conditions involves ROIs 1, 3, and 4 as well. The correlational analysis of Table 3 reflects the change in functional relationships among the various ROIs, including ROIs I, 3, and 4, whose rCMR g lc did not undergo significant change. Thus, more information is gained by combining a correlational analysis with a traditional analysis. It should be noted that it is the change in the correlation coefficient that reflects the alteration in functional relations. The actual value of the correlation coefficient for a given con dition depends on several factors, such as interac tions due to regions not explicitly represented in the model as well as limited sample size. (That is, in the model, each sample correlation was determined by using a sample of 20 subjects; thus, the sample cor relation may be somewhat different from the popu- Condition I corresponds to the functional circuit shown in the upper half of Fig. 5 , condition 2 to that shown in the lower half of Fig. 5 . All metabolic values are in units of mgllOO glmin. Values are means ± SD. ROI, region of interest. From Horwitz (1990) .
a Means significantly different between conditions, p < 0.05. lation value. For example, the large negative corre lation between ROls 3 and 5 in condition 1 is due to chance; it is large even when all functional cou plings are zero.)
The computer simulation model may also be use ful for data analysis. The goal would be to fit the model to actual metabolic data by adjusting the model parameters until good agreement is reached between simulated and experimental data. One rea son why we chose to define cij as zero in the ab sence of an anatomical link between ROls i and j was to enable the number of coupling constants needed to be fit to be as small as possible. The coupling constants so determined become "macro scopic" parameters that describe the experimental paradigm. These then become targets that more neurobiologically based theories need to derive. Whether this use of the model can be realized can be determined only by future research.
